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INTRODUCTION
Humans regularly face emotionally charged stimuli. Thus, not surprisingly, the study of the impact of valence on memory has attracted the interest of cognitive psychology in the last decades. A useful tool regarding the nature of the stimuli is the International Affective Picture System, developed by Peter J. Lang at Florida University (1999) . The success of this battery is determined by its high reliability in terms of emotional valence (the pleasantness of the stimulus), arousal (the intensity of emotion provoked by the stimulus), and dominance (the degree of control exerted by the stimulus). Most of the research that has employed the IAPS battery has analyzed response times (RTs) and percentage of errors or correct responses as the dependent variable (Borg, Leroy, Favre, Laurent & Thomas-Antérion, 2011; Charles, Mather & Carstensen, 2003; Gordillo Leon, Arana, Mestas et al., 2010) .
RT usually shows a high sensitivity to cognitive processes, but its distribution is often positively skewed, which is problematic for some methods of statistical analysis. However, skewed RTs can be described adequately by use of an ex-Gaussian distribution. The advantage of this analysis lies in the fact that its three parameters may map onto different cognitive processes, although the functional interpretation of those parameters is still debated in the literature (Matzke & Wagenmakers, 2009 ). The parameter that arguably attracts the greatest research interest is s. It has been described as a perceptual aspect of a RT (Hohle, 1965) , a decision component (Luce, 1986) and more recently, an attentional component or a defective effort control mechanism (Leth-Steensen, King Elbaz & Douglas, 2000) .
Mathematically, the ex-Gaussian probability density function is the result of a combination of two random variables, a Gaussian distribution (described by its l and r parameters), and an exponential distribution (described by its s parameter). Thereby, an ex-Gaussian distribution is perfectly defined with three parameters: the first two (l and r), are the mean and standard deviation of the Gaussian component, while the third parameter (s) is the rate parameter of the exponential component. When analyzing the results from an ex-Gaussian fit, one must be careful because the parameters that describe the mean distribution are l + s. Ratcliff and Murdock (1976) and Luce (1986) showed that the ex-Gaussian function provides a good fit to several empirical reaction times distributions and it continues to be used as a tool for the analysis of RT data (Epstein, Langberg, Rosen et al., 2011; Navarro-Pardo, Navarro-Prados, Gamermann & Moret-Tatay, 2013) . While many researchers have related ex-Gaussian components to underlying cognitive processes, the literature is limited in terms of how the processing of emotional valence of stimuli may affect the three parameters of the ex-Gaussian distribution.
Several studies employing traditional methods (Buchanan & Adolphs, 2002; Reisberg & Heuer, 2004) have shown evidence that emotional content of visual stimuli has an impact on recognition. Rozin and Royzman (2001) stated that given positive and negative stimuli of equal objective magnitude, negative emotion is more potent. This idea is supported by Wright, Busnello, Buratto and Stein (2012) , who found more accurate responses with negative valence when studying a memory conformity effect. However, this emotional modulation of memory processes Table 1 . Mean valence and arousal values for the selected images in the different sets from the Spanish adaptation of Moltó et al. (1999) 
Neutral
Negative Positive may be age-dependent. Charles et al. (2003) carried out two experiments where the valence of stimuli was manipulated. They found age-related reduction in memory for negative images. The reduction affected both kinds of stimuli, but it was more prominent for the negative ones. Moreover, attempts have been made to examine interactions between cognitive processes such as attention and emotion through the presentation of visual material. Some researchers concluded that such interactions could activate visual processing (Keil, Bradley, Hauk, Rockstroh, Elbert & Lang, 2005; Schupp, Stockburger, Codispoti, Junghofer, Weike & Hamm, 2007 ).
In the current study, we employ an alternative methodology to estimate the role of valence in terms of ex-Gaussian components and aging. To this end, a picture recognition task was conducted. Young and old participants were first exposed to different IAPS images (hereafter called target images) selected for their valence, and after a distracting interval, they were requested to differentiate the target images from other images (hereafter called distracting images). The aim of the study is to examine the impact of two factors: emotional valence of stimuli, and participants' age, on recognition memory. The data are analyzed using an ex-Gaussian components method, since it allows for appropriate modeling of skewed data, as well as modeling of distinct cognitive processes affecting RT performance.
METHOD

Participants
A sample of 40 young university students volunteered to take part in experiment 1 (32 women and 8 men with mean age of 22.23 years and SD = 2.12).
In experiment 2, a sample of 40 senior university students from a program for aged students, volunteered to take part (29 women and 11 men, mean age of 67.29 years and SD = 6.19).
Six participants in experiment 2 were replaced due to an error rate of higher than 40%. All participants had normal or corrected to normal vision, were native Spanish speakers and did not report cognitive impairment or neurological disorders. The sample selected for both groups has a female majority, but there is no reason to believe that processes addressed in this research might be gender dependent.
Materials
The stimuli used were a selection of photographs from the International Affective Picture System (IAPS, CSEA-NIMH, 1999; Lang, Bradley & Cuthbert, 1999) in the Spanish adaptation of Moltó, Montañés, Poy et al. (1999) . We selected a total of 120 photographs divided into three sets of 40 photographs based on their scores on valence (positive, negative or neutral). For the purpose of the recognition task, from the 120 images selected, 60 were selected as the target images and 60 as distracting ones. In each set, 20 were neutral images, 20 images were negative and 20 were positive images (see Table 1 ).
Procedure
Participants were tested in a quiet room, in groups of three or four people. The presentation of stimuli and recording of response times were Note: Standard deviation in parenthesis.
controlled by a Windows operating system through DMDX software (Forster & Forster, 2003) . The experiment consisted of two phases. In the first phase, the 60 target stimuli were presented randomly (20 stimuli for each of the three valence categories) with short exposures of 2 seconds each. In the second phase (15 minutes after the participants were distracted by performing visual search tasks), the 60 target stimuli plus the 60 distracting stimuli were randomly presented to the participants. Each image was presented until the participant gave a response or 2000 ms passed. The participants were instructed to press a button (labelled "Yes") to indicate whether the stimulus was a target stimulus, and press another button (labelled "No") if the stimulus was a distracting stimulus (did not appear in the first phase).
The participants were also instructed to respond as quickly as possible while maintaining a reasonable level of accuracy. The session lasted approximately 40 minutes.
Design and data analysis
Two different analyses were carried out. A classical analysis of variance (ANOVA) explored the impact of stimulus identity (target or distractor), emotional valence (neutral, positive and negative) and participants' age on response latency. The same procedure was employed for error rates. This was followed by the fitting of RT data to an ex-Gaussian distribution function. For the latter analysis, data sets were distributed in intervals in order to create a histogram. Differences between parameters from the ex-Gaussian fit were analyzed regarding their uncertainties (errors) as confidence interval lengths for each parameter.
RESULTS
The statistical analysis was performed using SPSS statistical software version 20 (IBM, Armonk, NY). Table 2 presents the reaction times average (ms), error rates and standard deviations for each group of images.
The ANOVAs were performed after reaction times below 250 ms and above 1800 ms were excluded. The 1800 ms cut-off point was adopted for consistency with earlier studies in the field (Moret- Tatay & Perea, 2011; Navarro-Pardo et al., 2013) . This excluded data constituted 3.3% and 5.6% of responses for young and old participants, respectively. The ex-Gaussian distribution characterization used all data. Reaction times corresponding to incorrect responses were excluded from all analyses.
The classical analysis of variance (ANOVA) was performed using a 2 9 2 9 3 mixed design, with a between-subject factor of Age (young vs old) and within-subject factors of stimulus Identity (target vs distractor) and Valence (neutral positive and negative).
The ANOVA carried out on RT data showed a main effect of Age (M = 876 ms) were processed more slowly than positive ones (M = 853 ms), which in turn were processed more slowly than neutral ones (M = 831 ms) (all ps < 0.01). The interaction between Valence and Identity was significant: F(2,78) = 8.588, MSE = 1528.50; g 2 = 0.18; p < 0.001. Bonferroni pairwise comparisons indicated that, for the target stimuli, negative ones (M = 835 ms) were processed more slowly ( p < 0.05) than both positive (M = 808 ms) and neutral ones (M = 807 ms), with no significant difference ( p > 0.50) between the latter two categories. For the distractor stimuli, negative ones (M = 917 ms) were also processed more slowly ( p < 0.01) than neutral ones ( p = 0.854 ms), but not significantly more slowly ( p > 0.10) than positive ones (M = 900 ms). Error differences did not reach statistical significance for valence (F < 1) but it did for distractp < 0.001, and Valence: F(2,77) = 15.460, MSE = 3623.77, g 2 = 0.17, p < 0.001. Old participants were slower than the young ones (M = 932 and 853 ms, respectively), target (previously presented) stimuli were responded to faster than the distractors (M = 846 and 939 ms, respectively). Bonferroni pairwise comparisons indicated that the negative images (M = 912 ms) were responded to significantly more slowly ( p < 0.01) than the positive ones (M = 892 ms) and the neutral ones (M = 876 ms), while the difference between the latter two was approaching significance ( p = 0.053). These main effects were qualified by the interactions between stimulus Identity and Age: F(1,78) = 5.511, p = 0.021, g 2 = 0.07, as well as Identity and Valence: F(2,77) = 5.339, p = 0.007, g 2 = 0.07.
The ANOVA carried out on accuracy showed a main effect of Age: F(1,78) = 7.49, MSE = 2613.33, g 2 = 0.08, p < 0.05, and Identity: F(1,78) = 18.19, MSE = 6348.01, g 2 = 0.18, p < 0.001, however, Valence did not reach the significance level (F < 1).
In order to explore those interactions, 2 9 3 Identity 9 Valence ANOVAs were carried out, separately for young and old participants.
Young
The ANOVA on RT data of young participants revealed main effects of Identity: F(1,39) = 39.205; MSE = 8336.86; g 2 = 0.50; ing and target conditions: F(1,39) = 60.79, MSE = 11.21, g 2 = 0.60; p < 0.001.
Old
The ANOVA on the latencies of old participants also revealed significance for the main factor of Identity: F(1,39) = 96.236; MSE = 7876.49; g 2 = 0.71; p < 0.001, but it fell just short of significance for the main factor of emotional Valence: F(2,78) = 2.95; MSE = 5905.85; g 2 = 0.07; p = 0.058. The interaction between Identity and Valence was not significant, either: F(2,78) = 1.103, MSE = 4074.59, g 2 = 0.03. Thus, the target stimuli were processed faster than the distractors (M = 876 vs. 989 ms, respectively), but there was no significant differences between the processing of negative (M = 947 ms), positive (M = 930 ms) and neutral (M = 920 ms) stimulialbeit the direction of those differences was the same as in the young group. Thus, the impact of valence on RT appears to be much more prominent in the young group. Error differences did not reach statistical significance for distracting and target conditions (F < 1) but it did for valence: F(2,78) = 5.41; MSE = 428.22; g 2 = 0.12; p < 0.05. Bonferroni pairwise comparisons indicated that positive stimuli (M = 81.31) were processed more accurately than neutral ones (M = 85.93), ps < 0.05. Finally, we proceeded to characterize the reaction times by an ex-Gaussian fit. One should keep in mind that l and r are not the average and standard deviation of the ex-Gaussian distribution, which should be calculated via the three parameters the fact that many different datasets had to be fitted, a python script was programmed. This script automatically reads a set of data (reaction times), groups this data in intervals, creating a histogram and interacts with the Gnuplot software in order to fit an that describe the distribution: the mean is in fact M = l + s.
ex-Gaussian function to the data points. Distribution fits and
Fitting the distribution means finding the optimal values for the parameters l, s and r that best describe the experimental data. For this purpose, we used the fitting function of the opensource software Gnuplot. With this software, the fit of any mathematical function to any data set can be obtained straightforwardly by a single function, but given the amount of data in the present work, the need to prepare the data (distribute it in intervals) and graphics were both executed by the command-line program GNU plot 4.2 (via Navarro -Pardo et al., 2013) . The Gnuplot software employs the Levenberg-Marquardt algorithm, also known as dumped least-square method (Marquardt, 1963) . The algorithm finds the optimal parameters that minimize the square of the difference between a given data set (xi, yi) and a target function f (xi). The algorithm is an iterative procedure that readjusts the set the uncertainties as a confidence interval length for each parameof parameters in each iteration. First of all, a goodness of fit ter. If we compare the distribution averages (M = l + s), in the function has to be defined in order to reflect the quality of the fit. The goodness of fit can be evaluated through the residual variance (the most widely used method in behavioral sciences, v 2 /degrees of freedom). Smaller values are preferable as they reflect a better fit. Table 3 shows the different parameters obtained by the fitting procedure and Figs. 1 and 2 show the graphical representation of the histograms, together with fit, for each condition. The uncertainties (errors) presented in Table 3 , allow us to compare the parameters for the different conditions, regarding younger group, we notice that the differences between neutral and negative conditions for distractor stimuli (64.65) is much bigger than the uncertainties sum (46.56), indicating a significant statistical difference. The same pattern can be found for the differences between neutral and positive condition (54.31), which is much higher than the uncertainties sum (39.77).
Regarding the s parameter, the differences between neutral and positive condition (29.55) is slightly higher than the uncertainties sum (23.06). However, for the older participants neither the distribution average, nor the s parameter are higher than the corresponding uncertainties sums. Finally, when we compare the parameters for older and younger participants, we notice that older participants present much higher distribution average and s parameter than the young younger participants.
DISCUSSION AND CONCLUSIONS
The aim of this study was to examine the influence of emotional valence and age on visual recognition, while controlling for the level of arousal and employing a short retention interval. This recognition task was analyzed not only by the classical analysis of variance, but also through the characterization of the reaction times via an ex-Gaussian fit which allows the analysis of the conditions in terms of parameters. The present work not only presents conclusions drawn from the classical ANOVA analysis, it also presents a study on the underlying cognitive processes that cannot be tackled by conventional techniques and so presents some of the advantages of the ex-Gaussian fit. This innovative technique does not depend on the same suppositions as the classical ANOVA, nor does it require the removal of outliers, which may exclude important information.
While the main aim of this study was to show the advantages of an ex-Gaussian fit analysis, the impact of age and emotional valence on recognition memory was evaluated as well. The impact of valence on RT appears to be much more prominent in the young group. We also found slower RTs towards negative stimuli, replicating Gordillo Leon et al.'s (2010) study. Carretié, Martin-Loeches, Hinojosa and Market (2001) , postulated that there is a tendency to direct attention to negative stimuli, supporting the notion that the processing of the negative emotional charge could have had an essential role in our evolution. These results were clear for young participants, but differences did not reach statistical significance for the old ones. This evidence supports the explanation offered by Charles et al. (2003) about age-related reductions in memory for negative images.
Another point to highlight is the relation between memory and attention. In traditional models, memory involves attention, encoding, storage, and retrieval. In our experiment, both age groups were slower for negative images than others; however, the s parameter cannot explain valence-linked age differences in memory. One alternative explanation, as Pôrto, Bertolucci, Bueno (2011) indicated, is that the old participant's assessment might be biased due to the nature of emotional valence. They claimed that older participants might focus more on picture details than valence. More research about this issue is necessary.
Addressing the question of RT parameters, the greater differences were found between age groups. Generally, RTs lower for young than old participants, indicating that old participants were slower. Furthermore, in light of the literature on the relation between the s parameter and attention, old participants appear to show poorer attentional performance.
Future studies may include a series of experiments that examine the role of the s parameter in the context of negative images, which try to explain if such pictures attract attention more readily or just hold attention for a longer period of time. Our data do not allow the disentangling between these explanations. Furthermore, it would also be interesting to evaluate the level of arousal, interactions between arousal and valence, and their relation to the s parameter. It would also be interesting to examine developmental changes through the study of the parameters, and also to explore the role of mood.
